ABSTRACT
INTRODUCTION
In recent years video services and the Internet of Things (IoT) have generated growing interest in the computing and networking research community [1] - [8] . Video services is a mature topic that has developed into the most voluminous type of data currently traversing the Internet, with estimated percentage usage above 50% of all Internet traffic [2] , [5] , [6] . It is also expected that this ratio will increase, with the increase of the population socially and professionally interacting over the Internet.
Quality of experience is defined as "the overall acceptability of an application or service as perceived subjectively by the end-user " according to ITU-T Rec.p.10G.100 Amendment 2 [9] .This definition should include among other factors users' devices, network parameters such as bandwidth and jitter, environment where users are consuming the services or using the application and user expectations [10] - [12] Video quality can be assessed using either subjective or objective method. QoE is normally measured by the Mean Opinion Score (MOS) metric. The MOS metric has a 1 to 5 points scale representing five terms of multimedia quality (bad, poor, fair, good and excellent) [13] .
IoT refers not only to mobile phones connected through the Internet but also to the wireless interconnection of billions of "things" and devices through the Internet or local area networks. With these billions of things come billions of batteries that must be purchased, maintained and disposed off.
In the IoT, users can access video services anywhere and anytime using smart devices. These smart devices connect to the Internet via one or more telecommunications operators. Users' expectations along with additional parameters such as cognitive and behavioral states, cost, and network parameters may determine the acceptability of the service from the user's point of view. If users are not satisfied with the service, they may switch to different providers or may stop using a particular application or service. Therefore network and service providers have realized that the traditional parameters to evaluate video service quality such as delay, packet loss and jitter are not enough and therefore, non-network parametrs such as devices power and user context should be taken into considerations.
For IoT devices, memory and power are one of the major constraints. Therefore, in order to deliver acceptable video quality, video encoding parameters should be carefully chosen in order to save devices energy during video transmission without jeopardizing the QoE. Much effort has been put into energy serving techniques based on the transmission protocols. However, a little effort has been put into investigating the impact of non-network parameters such as video encoding parameters on energy consumption over IoT devices and its effect on the video QoE. The contributions of this paper are as follows,
1) The investigation of the impact of video encoding parameters on the power consumption over IoT devices and its effect on the quality of experience.
2) The development of the power model that takes into account the bit rates, frame rates and the video content type.
3) The use of subjective tests to investigate the quality of the delivered videos over the IoT devices.
The remainder of this paper is structured as follows. Section 2 discusses the IoT background while Section 3 discusses the quality of experience evaluation for IoT. The experimental setup and results are reported in Sections 4 and Section 5, respectively. Our proposed power model is introduced in Section 6. Finally, Section 7 concludes the paper.
IOT BACKGROUND
The Internet of Things (IoT) is a new paradigm that is increasing in popularity. It is defined as "an interconnection of uniquely identifiable embedded computing things within the existing Internet infrastructure, offering advanced connectivity of things, systems and services that goes beyond machine-to-machine communications and covers a variety of protocols, domains, and applications" [14] . The number of IoT devices will grow exponentially in the coming years, as Cisco estimates that IoT will consist of 50 billion devices connected to the Internet by 2020 [15] . The evolution of hardware has helped in the expansion of IoT, it is cheaper, consumes less power, and nowadays nearly everybody has a mobile phone with the capability to use a whole lot of connection types, so people can interact with objects anywhere anytime. Connecting the devices to each other allows them to share data among themselves and make intelligent decisions based on the data. Any physical device which is connected to some sort of network can be called an IoT device.
IoT Architecture
There is no single consensus on architecture for IoT, which is agreed universally. Different architectures have been proposed by different researchers.
The traditional IoT architecture proposed in [16] , is based on a layered model which has 3 layers, 1) Physical level layer: Acquire the physical information of an environment with different scalar devices and then transmit the data to the network layer via the Wireless Sensor Network (WSN) gateway is the main function of this layer.
2) Network layer:
This layer is responsible for connecting to other smart things, network devices, and servers. Its features are also used for transmitting and processing sensor data.
3) Application layer:
This layer is a combination of a service layer and application layer. The service layer stores the information from the network layer and provides decision making, data analysis, and information management. This paper focuses on this layer whereby video encoding parameters are processed. Challenges for using IoT
Here are four major IoT challenges facing IoT solutions:
1) Battery life Most IoT things, IoT sensors, smart meters, location trackers, and so on use batteries that might need to keep running for months or years. These things are typically small, with space constraints that limit the size of batteries. As a result, preserving battery life becomes critical (the target study of this paper is battery life).
2) Data costs
The amount of data that will be generated by billions of IoT things will dwarf anything we have seen on the Internet to date. The types of networks becoming prevalent in IoT implementations have stringent limitations on the amount of data that can be sent. Data networks are expensive, and the frequent, bursty messages produced by IoT things can make data costs spiral quickly out of control.
3) Operational efficiency IoT solutions often communicate over slower wireless networks. This means that more actionable data needs to be extracted faster.
4) Low-power networks
Today's wireless networks, especially the low-power WANs (LPWANs) are increasingly used in the IoT, run at extremely low data rates. These low data rates impose severe limits on the amount of data (especially video transmission and delivery) that can be communicated over a wireless network.
RPL: IPv6 Routing Protocol For Low Power and Lossy Networks
RPL is the IPv6 Routing Protocol for Low-power and Lossy Networks (LLNs), and was designed to be suitable for resource-constrained devices in industrial, home, and urban environments [17] . RPL is the industry standard for IoT WSN. The main goal of RPL is to provide IPv6 connectivity to a large number of battery-operated embedded wireless devices that use low-power radio to communicate and deliver their data over multiple hops. From the initial design phase, RPL builds upon widely-used routing protocols and research prototypes in the Wireless Sensor Network (WSN) domain such as the collection tree protocol (CTP) [18] but is extended and re-designed to be part of, and ready for, IPv6.
LLNs are a class of network in which both the routers and their interconnect are constrained. LLN routers typically operate with constraints on processing power, memory, and energy. RPL provides a mechanism whereby multipoint-to-point traffic from devices inside the LLN towards acentral control point as well as point-to-multipoint traffic from the central control point to the devices inside the LLN is supported. Support for point-to-point traffic is also available.
QOE EVALUATION AND POWER-DRIVEN VIDEO QUALITY ON IOT
The emerging categories of IoT objects tend to be mobile, multi-sensorial and smart, such as wearable sensors, Smartphone's, and smart vehicles, bringing also to an increase of multimedia content in the IoT. Multimedia content refers to a combination of two or more different media contents such as text, audio, image and video.
There are a few studies that address the overall QoE over IoT systems. The work in [19] presents a comprehensive model for the power consumption of wireless sensor nodes. The model takes a system-level perspective to account for all energy expenditures: communications, acquisition, and processing. Furthermore, it is based only on parameters that can empirically be quantified once the platform (i.e., technology) and the application (i.e., operating conditions) are defined. This results in a new framework for studying and analyzing the energy life-cycles in applications, and it is suitable for determining in advance the specific weight of application parameters, as well as for understanding the tolerance margins and tradeoffs in the system. In our views, this model needs enhancing and improvement by considering the end user's Quality of Experience (QoE) in the context of video services which is very important when we come to reducing power consumption for IoT devices.
To increase the battery life, the authors in [20] proposed a voice over IP (VoIP) quality adaptation scheme whereby an acceptable quality is maintained by changing video send bitrate in order to conserve power and hence, prolong VoIP communication session. The results have shown the effectiveness of the proposed scheme in terms of power saving while maintaining acceptable QoE. The power saving was between 10-30% of the total system power. This model was only proposed for mobile device and we can enhance this model by including IoT devices and adding more influential factors such as the frame rate and bitrate to offer an acceptable quality for the end users.
The work in [21] presents a framework that reduces the energy consumption of wireless mobile devices during streaming video content over Wireless LAN networks by utilizing the power saving mechanisms defined in the IEEE 802.11e standard. The framework allows video applications to directly optimize the overall energy efficiency by controlling the sleep cycles of wireless network adapters based on video QoE. Although the framework was claimed to save 20-30% of total system power but did not answer some key concerns of practical interests in the real world implementation of VoIP communication. Under the presence of VoIP signaling traffic the sleep cycles technique is not realistic. The ideal technique is to reduce power consumption of the AV application while keeping the VoIP quality at an acceptable QoE level. Changing the frame rates and bitrates for the videos will reduce the power consumption for the IoT devices while offering an acceptable quality for the end users.
In [22] the authors proposed a simple QoE model and several power models relevant to mobile video services which were formulated by considering that user's QoE is constrained by factors like devices and the ambient environment, they also proposed a QoE-driven adaptive streaming scheme to help save radio resources and reduce power consumption. The authors also propose a QoE-driven energy-efficient resource allocation algorithm. When adapting these models the power consumption can be saved at both base station side and user equipment side without decreasing user's QoE. Adding non-networks parameter to these models ensure an acceptable quality of videos services on IoT devices for end users
EXPERIMENTAL SETUP
In this experiment, three original videos (raw videos) which are Bus, Crew, and Suzie in quarter common intermediate format (QCIF) were used. To verify the impact of the bitrate and frame rate on power consumption for IoT devices, the three videos with video codec H264 were employed in the experiment with a variety of content as shown in the screenshots of videos (Figure 1 ). The videos parameters for H264 are shown in Table 1 . The Crew video was categorized as fast movement video because the crew of around 7 people were walking. The Bus video was categorized as medium movement because a bus and a van were in medium motion. The Suzie video sequence was categorized as slow movement because the lady was on the phone and there was a slow movement of her upper body. To transmit the video sequences the video trace files were generated by using the following steps:
• The mp4 container is used in the experiment to create ISO MP4 files containing the video samples (frames) and a hint track which describes how to packetize the frames for the transport with Real Time Protocol (RTP).
• After creating the hinted mp4 files the mp4 trace tool from EvalVid is able to send a hinted mp4-file per RTP/UDP to a specified destination host.
• When the mp4 trace finishes the transmission of the video, the corresponding video trace files are reconstructed. The relevant data contained in the video trace file is the frame number, the frame type and size and the number of segments in case of (optional) frame segmentation. Table 2 shows the video trace file format. Cooja simulator and Instant Contiki 2.7 development environment were used to transmit the video trace file. In this experiment, unicast sender and unicast receiver were used and the power consumption during transmission was recorded. We run the application on one type of wireless sensor network motes EXP430F5438 mote which is equipped with 8MHz Texas Instruments MSP430 low power microcontroller, 10 KB RAM and 48 KB flash [23] .
In the subjective test, a total of 29 people took part in the study on a volunteering basis. No participants had any experience working in video quality assessment or coding. There were 13 females and 16 male participants, all of them had normal eye vision. Their ages ranged from 21 to 26 with an average age of 23.
The video in Figure 1 were employed in the experiment where the duration of each video was less than one minute with frame rate ranging from 25-30fps and a resolution of 176 x 144. The laptop monitor that was used for display in the test was a 14 inch monitor. All participants were allowed to watch the videos, as many times as they wish before making the decision, but they had to watch them all at least once. Participants evaluated the quality of videos in an uncontrolled environment where they had the freedom of completing the evaluation at home or in their office. Each participant had to randomly (as per ITU-T standard [24] watch 48 videos. They were also asked if they liked the video content
5.EXPERIMENT RESULTS
To evaluate the impact of the bitrate and frame rate on power consumption for IoT devices, three videos with different content and different quality were employed.
The P-value results in Table 3 demonstrates that the bitrate parameter has significant (0.0029< 0.05) meaningful addition to the power consumption of the IoT device during video transmission. The P-value in Table 4 illustrates that the frame rate parameter has significant (0.0016< 0.05) meaningful addition to the power consumption of the IoT devices Since these p-values are less than the threshold (0.05), frame rate and bitrate parameters are statistically significant to the energy consumption of an IoT device during video transmission over the low power wireless network. According to the results that we obtained from the Cooja simulator as shown in Figure 2 , it was observed that the video with higher bitrates and low frame rates consume more power than the videos with lower bitrates and high frame rates. This is because, more data is processed and sent in high bitrates video than in slow and medium video sequences. With respect to the bitrate and frame rate parameters, we observed that the videos with fast movement consume more power than the videos with medium and slow movement as shown in Figure 3 . This is also due to the fact that, fast movement video sequences are more complex than slow and medium video sequences. To evaluate the power aspects on QoE, three videos with different content and different quality were employed from the reconstructed video sequences transmitted over the IoT devices. There were no packet losses in the entire process. As shown in Figure 4 , it was observed that for the same bitrate, frame rate and resolution, slow and medium video sequences recorded better MOS values and hence better quality than fast movement video sequences. This is because fast movement video sequences need high bit rates for better quality compared to slow and medium video sequences. For slow movement video sequence, low frame rates are satisfying for users, because temporal differences are insignificant. 
POWER CONSUMPTION MODEL
The model for the power consumption is based on the encoding frame rate and bitrate while the encoding resolution was fixed. The smallest QCIF resolution and low bitrates were preferred due to IoT constraints in memory, storage and energy.
Non-linear regression has been used to model the power consumption with the dataset spilt into training (70% of the data) and testing (30% of the data). The total power consumption in mW, which is a combination of CPU, data transmission, data receiver and listening cycles, can be expressed as a function of frame rate and bitrate. Power = f(br, fr)
Where, br and fr denotes bitrate and frame rate respectively. From non-linear regression, the total power consumption model is then derived as,
Where and are coefficients ( Table 5) .
The proposed power model in (2) was evaluated by using of 30% of the dataset for validating the model. The accuracy of the model was determined by using the Root Mean Squared Error (RMSE) and correlation coefficient R2 (Table 6 ). 
CONCLUSIONS
This paper has presented the impact of bitrate and frame rate on the power consumption of IoT devices. It has also proposed the power consumption model, which included bitrates and frame rates as non-network parameters. Experimental results showed that the videos with higher bitrates and low frame rates consumed more power than the videos with low bitrates and high frame rates. It was also found that videos with high movement consume more power than the video with medium and slow movement. The power consumption model can be used to predict power usage of IoT devices. For IoT devices, memory and power are one of the major constraints. Therefore, in order to deliver acceptable video quality, video encoding parameters should be carefully chosen in order to save devices energy during video transmission without jeopardizing the QoE. Future work will include the implementation of the proposed model in IoT systems in order to control and optimize video quality transmission.
